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Understanding how species distribution (occupancy and spatial autocorrelation) and association (that
is, multi-species co-distribution) change across scales is fundamental to unlocking the pattern
formation in population ecology and macroecology. Based on the Bayesian rule and join-count statistics,
I present here a mathematical model that can demonstrate the effect of spatial scale on the observation
of species distribution and association. Results showed that the intensity of spatial autocorrelation and
species association declines when the grain in the spatial analysis increases, although the category of
species distribution (aggregated or segregated) and association (positive or negative) remains the same.
Random distribution and species independence were proved to be scale-free. Regardless of the possible
patterns of species distribution and association, species tend to be randomly distributed and
independent from each other when scaling-up (an increasing grain), reflecting a percolation process.
This model, thus, grasps the statistical essence of species scaling pattern and presents a step forward for
unveiling mechanisms behind species distributional and macroecological patterns.
& 2009 Elsevier Ltd. All rights reserved.1. Introduction
Unveiling the relationship between patterns and scales is of
fundamental importance in population ecology and macroecology
(Gaston and Blackburn, 2000; Levin, 1992; Wu, 2004). Predicting
species distribution, in terms of occupancy and spatial auto-
correlation, and association (co-occurring and overlapping of
species distribution) across scales contributes much to extracting
ecological mechanisms from sampling and statistical artefacts
(e.g., Hui and McGeoch, 2007a; McGeoch and Gaston, 2002), and
thus further advances our knowledge of pattern formation in
ecological communities (Storch et al., 2008) and its applications in
biological conservation (Wilson et al., 2004). However, despite
their paramount importance, species distribution and association
remains difficult to dissect and estimate across scales (Bell, 2005;
He and Gaston, 2003).
The distribution of a species can be depicted as its range size
(occupancy) and spatial structure (e.g. spatial autocorrelation).
Species occupancy, measured as the number of presences in
samples, localities or lattices, forms the basis for assessing species
conservation status and viability (Gaston and Fuller, 2009;
McGeoch and Gaston, 2002). Unlocking macroecological patterns,
such as species occupancy–abundance relationship (Holt et al.,ll rights reserved.2002; Hui and McGeoch, 2007b) and species occupancy frequency
distribution (Hui and McGeoch, 2007a, c; McGeoch and Gaston,
2002), is largely dependent on our understanding of how the
spatial scale affects species occupancy in ecological surveys. The
other crucial variable, as mentioned above, for depicting species
distribution is the non-randomness, or aggregation, of its spatial
structure. Species are normally not randomly distributed in space,
but aggregated. This aggregation can arise both from environ-
mental heterogeneity (Fahrig and Nuttle, 2005) and the non-
linearity of biological processes (Pacala and Levin, 1997). Wiens
(2000) distinguished four forms of non-randomness, namely
spatial, patterned, compositional and locational variances. Of
special importance to population ecology is the pattern variance,
which measures the spatial autocorrelation of species distribution
and has been shown to be highly scale-dependent (Hurlbert, 1990;
Jelinski and Wu, 1996; Openshaw, 1984; Perry et al., 2002).
Describing this pervasive, non-random spatial aggregation re-
mains a fundamental aspect of ecological research (Fortin and
Dale, 2005). Without a clear understanding of the spatial scaling
properties of aggregation, many of the most interesting and
critical problems in ecology cannot be fully addressed. This is
because the scaling pattern of species aggregation is intricately
entangled with patterns in species ranges, abundance and
diversity (Gaston and Blackburn, 2000; Gaston et al., 2006; Ives,
1991; Shorrocks and Sevenster, 1995; Wertheim et al., 2000).
Species are not alone but associated positively or negatively
(also known as spatial dissociation) with each other, as a result of,
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association belongs to Wiens’s (2000) compositional variance and
measures the degree of co-occurrence and co-distribution of two
species in samples (Bell, 2005; Gotelli and Graves, 1996). The
scaling pattern of species association is closely tied with patterns
of beta diversity and species-area relationship (e.g. Harte et al.,
2005; Hui and McGeoch, 2008) and plays a vital role in identifying
species assembly patterns and interactions from predictions
solely be chance or null models (Connor and Simberloff, 1979;
Diamond, 1975; Gotelli and Graves, 1996). The scaling pattern of
occupancy, spatial autocorrelation and species association, to-
gether, not only allows us to provide a comprehensive description
of species distribution in ecological communities, but also can
evaluate species role and function in forming ecosystems.
Here, I present a mathematical model demonstrating the effect
of spatial scale on these three variables of species distribution, i.e.
a model of the scaling patterns of species occupancy, autocorrela-
tion and association. This model is based on the Bayesian rule (Hui
et al., 2006) as well as the paralleling definitions of the pair
approximation in pattern recognition (Iwasa et al., 1991; Matsuda
et al., 1992; Sato and Iwasa, 2000) and the join-count statistics in
spatial analysis (Fortin et al., 2002; Fortin and Dale, 2005).
Although both pattern recognition and spatial analysis aim to
achieve a common goal (that is, to quantify the non-random
patterns of species distributions), research from these two
different fields barely intersects. For instance, pair approximation
is initiated from physics and often used as a method for describing
the spatial patterns from lattice models in theoretical ecology
(Ellner, 2001; Sato and Iwasa, 2000), whereas join-count statistics
is a method for quantifying species spatial autocorrelation with
data collected from real ecological surveys (Fortin et al., 2002). By
presenting this model, I thus emphasize the importance and
potential of bringing these similar techniques from different fields
together in understanding ecological complexities (Hui, 2008).2. Model
2.1. Join-count statistics
Species distribution can be defined as the geographic range of
its populations or the spatial arrangement of individuals in a local
population (Molles, 1999). A standard format of reporting a
species’ distribution is the presence–absence map as used in most
species atlas (Gaston and Fuller, 2009). This binary-format map is,
mathematically, equal to a binary matrix with the element being
either 0 (absence) or 1 (presence). This kind of matrices is
normally obtained in ecology from two sources: cellular automata
(or lattice models) in theoretical ecology and grid sampling from
ecological surveys. The simplest way of describing the spatial
structure of a binary matrix is the join-count statistics (see below;
Fortin et al., 2002), which is conceptually and mathematically
similar to the pair approximation (or moment approximation).
Sato and Iwasa (2000) have presented an excellent introduction of
using pair approximation in analysing spatial patterns from lattice
models.
In a binary matrix, the global density of a population is defined
as the probability that a randomly chosen element (called a cell
hereafter) is occupied by the species. It has the same meaning as
species occupancy, pþðaÞ, where a indicates the grain, i.e. the size
of the cell. The probability of absence is thus p0ðaÞ ¼ 1 pþðaÞ. The
local density of a species qþ=þðaÞ is the conditional probability that
a randomly chosen adjacent cell of an occupied cell is also
occupied, which is the simplest measure of spatial autocorrelation
(at the scale of a) among the local indicators of spatial association
(Anselin, 1995; Fortin and Dale, 2005). There are another threeconditional probabilities regarding the state of a focal cell and its
neighbouring cells: an occupied cell with an empty neighbour,
q0=þðaÞ; an empty cell with an occupied neighbour, qþ=0ðaÞ; an
empty cell with an empty neighbour, q0=0ðaÞ. These four condi-
tional probabilities form the join-count statistics for a single
species (Fortin et al., 2002). However, we only need two variables,
pþðaÞ and qþ=þðaÞ, to express all other probabilities:
q0=þðaÞ ¼ 1 qþ=þðaÞ
qþ=0ðaÞ ¼ ð1 qþ=þðaÞÞpþðaÞ=ð1 pþðaÞÞ
q0=0ðaÞ ¼ ð1 2pþðaÞ þ qþ=þðaÞpþðaÞÞ=ð1 pþðaÞÞ
Additional inequalities control the feasible range of these two
variables: 0rpþðaÞr1 and 2 1=pþðaÞrqþ=þðaÞr1 (Hui and Li,
2004). A spatial aggregation can be defined as qþ=þðaÞ4pþðaÞ,
indicating a positive first-order spatial correlation between two
local populations inhabiting adjacent cells. The random distribu-
tion is defined as qþ=þðaÞ ¼ pþðaÞ and implies the independence of
two local populations in adjacent cells. The spatial segregation can
be depicted by qþ=þðaÞopþðaÞ, i.e. a negative spatial correlation
between two adjacent occupied cells.
2.2. Species association
The above join-count statistics can only provide descriptions
for one species in a binary matrix. If we consider two species,
there exist four scenarios for a randomly chosen cell: species A
and B coexist, PA\BðaÞ (called the joint occupancy); only species A
occurs, P
A\B
ðaÞ; only species B occurs, P
A\B
; neither occurs, P
A\B
ðaÞ.
Knowing any one of these four scenarios, we can calculate the
probabilities of other three. For instance, knowing the joint
occupancy PA\BðaÞ, we have
P
A\B
ðaÞ ¼ PAðaÞ  PA\BðaÞ;
P
A\B
ðaÞ ¼ PBðaÞ  PA\BðaÞ;
P
A\B
ðaÞ ¼ 1 PAðaÞ  PBðaÞ þ PA\BðaÞ;
where PAðaÞ and PBðaÞ are the occupancy pþðaÞ of species A and B,
respectively. Therefore, we can define a positive association
between species A and B as PA\BðaÞ4PAðaÞ  PBðaÞ, indicating a
higher joint occupancy than expected when species A and B are
independent from each other (PAðaÞ  PBðaÞ). Consequently, a
negative association can be defined as PA\BðaÞoPAðaÞ  PBðaÞ, and
the independence between these two species
PA\BðaÞ ¼ PAðaÞ  PBðaÞ. This definition of species association is
also closely linked with the C-score test in examining species co-
distribution (Bell, 2005; Gotelli and Graves, 1996; Stone and
Roberts, 1990). In the following, I present a model governing the
scaling patterns of the occupancy pþðaÞ, local density qþ=þðaÞ and
the joint occupancy PA\BðaÞ.
2.3. A Bayesian model
Let us consider species distribution when combining four
adjacent cells (with coordinates {x,y}, {x+1,y}, {x,y+1}, {x+1,y+1}) as
one larger cell, i.e. increasing the grain from a to 4a. A 4a-size cell
consists of four a-size sub-cells and can be either absence (empty
in all four sub-cells) or presence (with only 1, 2, 3 or 4 sub-cells
being occupied). It is convenient to calculate the probability of
absence p0ð4aÞ, instead of the more complicated probability of
presence pþð4aÞ ¼ p1ð4aÞ þ p2ð4aÞ þ p3ð4aÞ þ p4ð4aÞ, where pið4aÞ
is the probability of i number of sub-cells occupied by the species.
To calculate the probability of absence in a 4a-size cell, we let the
probability of absence p0ðaÞ for a randomly chosen sub-cell {x,y}
multiplied by twice the conditional probability of its adjacent
cells ({x+1,y} and {x,y+1}) also being empty q0=0ðaÞ and then
multiplied by the probability that a chosen sub-cell {x+1,y+1} with
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Fig. 1. A schematic illustration of the calculation of the probability P
A\B
ð4aÞ that
none of the species occurs in the combined 4a-cell. Numbers in brackets indicate
the order in the calculation. See text for detail.
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p0ð4aÞ ¼ p0ðaÞ  q0=0ðaÞ
2
 b0ðaÞ: ð1Þ
The calculation of the correlation between two adjacent empty





In the above equations, b0ðaÞ is the only probability unknown.











Because pþð4aÞ ¼ 1 p0ð4aÞ and qþ=þð4aÞ ¼ 1 ð1 q0=0ð4aÞ
p0ð4aÞ=pþð4aÞÞ, we have the following occupancy and local density







r10  2r4D2 þ D3
D2ðDr4Þ
; ð5Þ
where r ¼ p0ðaÞ  q0=þðaÞpþðaÞ and D ¼ p0ðaÞ½1 pþðaÞ2
ð2qþ=þðaÞ  3Þ þ pþðaÞðqþ=þðaÞ
2
 3Þ. Studies using Drosophilidae
in a decaying fruit mesocosm (Hui et al., 2006) and using the atlas
of southern African birds (Hui et al., 2009) to predict occupancy
and local density across scales have verified the robustness and
accuracy of the above formula for the scaling patterns of species
occupancy and spatial autocorrelation.
The above model provided a discrete version of the scaling
patterns of species occupancy and autocorrelation. A continuous
version of the scaling patterns can also be induced. Analogous to
Eqs. (1) and (2), we have the following probabilities when
combining n n cells together in forming a larger cell:










where, for simplicity, p0 denotes the absence for a unit-size cell
p0ð1Þ, and so are q0=0 and b0. Since n n indicates the size of grain,
a, we can have the following scaling patterns from Eqs. (6) and (7)
by replacing n with a1=2:
pþðaÞ ¼ 1 y  b
2a1=2
 da; ð8Þ







where y ¼ p0  b0=q20=0, b ¼ q0=0=b0 and d ¼ b0 are three constants
when a species’ distribution is given. This scaling pattern
describes species occupancy and local density as a function of
the spatial scale, a, and elucidates the percolation process of how
occupied cells joined together when scaling up. That said, species
distribution can be heavily manipulated by the spatial scale
(resolution) at which it was observed.
For the calculation of species association, we first calculate the
probability that both species are absent in the combined 4a-cell
P
A\B
ð4aÞ. For demonstration, I listed the procedure of calculating
this probability in Fig. 1. P
A\B
ð4aÞ equals the probability of neither
species occurring in a sub-cell P
A\B
ðaÞ (Fig. 1(1)), multiplied by the
probability of species A being absent in an adjacent sub-cell
q0=0ðaÞA (Fig. 1(2)), multiplied by the probability that species B is
also absent in this sub-cell given that species A is already known
absent b0
0 ðaÞB (Fig. 1(3)), multiplied by the probability of species B
being absent in an adjacent sub-cell q0=0ðaÞB (Fig. 1(4)), multiplied
by the probability that species A is also absent in this adjacent
sub-cell given that species B is already known absent b0
0 ðaÞA(Fig. 1(5)), multiplied by the probability of species A being absent
in a chosen sub-cell given that species A is also absent in its two
adjacent sub-cells b0ðaÞA (Fig. 1(6)), and finally multiplied by the
probability that species B is absent in this sub-cell given that
species B is also absent in its two adjacent sub-cells and also that
species A is absent from this sub-cell b0






ðaÞ  q0=0ðaÞA  b0
0 ðaÞB  q0=0ðaÞB  b0
0 ðaÞA  b0ðaÞA  b0
00 ðaÞB
ð10Þ
Probabilities q0=0ðaÞA, q0=0ðaÞB and b0ðaÞA are known in Eq. (10) (see
Eqs. (2) and (3)). Other three unknown probabilities: b0
0 ðaÞB,
b0
00 ðaÞB and b0
0 ðaÞA can be estimated using the Bayesian rule (note
that the formulae for b0





q0=0ðaÞB  p0ðaÞB  PA jB ðaÞ






B  p0ðaÞB  PA jB ðaÞ
q0=0ðaÞ
2
B  p0ðaÞB  PA jB ðaÞ þ q0=þðaÞ
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The joint occupancy can thus be calculated as
PA\Bð4aÞ ¼ pþð4aÞA þ pþð4aÞB  1þ PA\B ð4aÞ: ð15Þ
The above equation provides a discrete description of species
association. Analogous to Eq. (10), we also have the following












Let n n ¼ a and we have the continuous version of the scaling
pattern of species association,













where parameters with subscript A and B indicate the parameters
as in Eq. (8) for species A and B, respectively; parameters
yC ¼ PA\B b0Ab0B
00 =ðq0=0Ab0B
0 Þ
2, bC ¼ q0=0A  b0B0 =ðb0A  b0B00 Þ and dC ¼
b0Ab0B
00 are constants for given distributions of two species.
Specifically, if the two species are independent from each other,
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0 ¼ q0=0B and b0B
00 ¼ b0B, and Eq. (17) becomes
PA\BðaÞ ¼ pþðaÞA  pþðaÞB, confirming that the definition of species
association (as independent, positive or negative) is consistent
with Eq. (17).
Therefore, given each species’ occupancy and local density, as
well as the joint occupancy of two species, we can calculate these
three variables at a different scale according to Eqs. (4), (5) and
(15), or Eqs. (8), (9) and (17). These equations can thus allow us to
extrapolate the pattern of species distributions (occupancy,
spatial autocorrelation and species association) across scales. In
the following, I show several propositions, as well as results from
numerical simulations, of these equations.Fig. 2. A schematic illustration of (a) the global density (occupancy, pþ) and (b) the
local density ðqþ=þÞ by scaling-up from grain a to 4a, based on Eqs. (4) and (5).3. Results
First, I show two propositions regarding two special situations
of the above model, which is about the randomness and
independence of species distributions.
Proposition 1. Random distribution is scale-free and follows a
Poisson occupancy–abundance relationship.
Proof. Substituting the condition of a random distribution,
qþ=þðaÞ ¼ pþðaÞ, into Eqs. (4) and (5), we have qþ=þð4aÞ ¼ pþð4aÞ
and 1 pþð4aÞ ¼ ð1 pþðaÞÞ
4. The former indicates that the
species distribution at the scale of 4a still follows a random
distribution, i.e. it is scale-free. The latter implies that
p0ð4aÞ ¼ p0ðaÞ
4, which infers an exponential function
p0ðaÞ ¼ e
da, where d is a positive constant and the negative
sign simply indicates the negative relationship between the grain
a and the probability of absence p0ðaÞ. For a randomly distributed
species, the number of individuals in the cell follows a Poisson
distribution (Wright, 1991), from which the probability of
presence can be given by pþðaÞ ¼ 1 p0ðaÞ ¼ 1 e
ma . The para-
meter ma is the mean number of individuals in the cell (of a size a).
This complies with the above proposition of an exponential form
of the probability of absence. Because ma equals the population
density of the species times the grain, we unveiled that the
constant dð¼ ð1=aÞlnp0ðaÞÞ is species density. &
Proposition 2. The independence of two species is scale-free,
regardless of the spatial structure (aggregation or segregation) of
these two species.
Proof. Substituting the condition of PA\BðaÞ ¼ PAðaÞ  PBðaÞ into
Eqs. (10)–(14), we have PA\Bð4aÞ ¼ PAð4aÞ  PBð4aÞ. &
These two propositions confirmed our intuitive perception that
species random distribution is scale independent and that two
species without association (that is, species are independent from
each other) is also scale independent. To demonstrate the scaling
patterns of species distribution and association from the above
Bayesian model, numerical results were presented. First, as shown
in Fig. 2, the occupancy and local density at one scale (pþð4aÞ and
qþ=þð4aÞ) are completely determined by their values at another
scale (pþðaÞ and qþ=þðaÞ), with no additional parameters involved.
Furthermore, both the occupancy pþðaÞ and local density qþ=þðaÞ
limit to one with the increase of grain, indicating that the species
distribution converges to randomness at large scales (Fig. 3).
However, the category of species distribution, being either
aggregated or segregated (separated by the randomness),
remains the same across scales (Fig. 3).
For species association, the joint occupancy of species A and B,
PA\B, showed a nonlinear relationship when across scales from a
to 4a (Fig. 4a). An interesting result is that even if PA\BðaÞ ¼ 0, the
joint occupancy at larger scales will become positive PA\Bð4aÞ40,
indicating a higher chance of finding two species co-occurring atlarge scales even though they do not overlap at small scales. If we
use PA\B=ðPA  PBÞ as an index of the intensity of species association
(PA and PB are the occupancies of species A and B, i.e. pþðaÞA and
pþðaÞB), the category of species association, defined as either
positive or negative, remains the same across scales (Fig. 4b). That
is, a positive/negative species association will still be positive/
negative regardless of the scale of observations. However, a
positive association tends to be less positive (i.e. the index
approaching to one) when scaling up; similarly, a negative
association tends to be less negative when scaling up (Fig. 4b).
Therefore, the intensity of species association weakens with the
increasing of grain.
The scaling pattern of species distribution and association was
shown in Fig. 5. An important result here is that the occupancy
pþðaÞ, local density qþ=þðaÞ and the joint occupancy PA\BðaÞ all
approach one with the scaling-up. However, for aggregated
distributions, the local density decreases at first but then
increases ultimately at the same rate as pþðaÞ (Fig. 5; see also
Fig. 3). The threshold to separate the decreasing part from the
increasing part of qþ=þðaÞ cannot be solved analytically, but an
approximate can be obtained by rotating p=4 of the ellipse
ðpþðaÞ  1Þ
2=1:142 þ qþ=þðaÞ
2=0:892 ¼ 1, which is insensitive to
the initial values of species occupancy and local density (Fig. 3). It
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Fig. 3. Trajectories (solid lines) of species occupancy pþðaÞ and local density
qþ=þðaÞ in a parametric plot, which all lead to the top right with the increase of
grain a. The dashed line indicates the threshold of qþ=þðaÞ where it changes from
declining to increasing with the increase of grain.
C. Hui / Journal of Theoretical Biology 261 (2009) 481–487 485is worth noting that the local density is not perfectly synchronized
with the changing rate of occupancy @pþðaÞ=@a. However,
generally speaking, a lower local density indeed corresponds to
a higher changing rate of occupancy, i.e. species distribution
becomes strongly scale-dependent when the spatial
autocorrelation is weak (or when the local density is low).Fig. 4. (a) The joint occupancy of species A and B at the scale of 4a, PA\Bð4aÞ, as a
function of the joint occupancy at the scale of a, PA\BðaÞ, with pþðaÞA ¼ 0:4,
qþ=þðaÞA ¼ 0:6, pþðaÞB ¼ 0:3 and qþ=þðaÞB ¼ 0:5. (b) A comparison of the intensity
of species association PA\B=ðPAPBÞ with y ¼ x (straight line) when scaling-up from
a to 4a.4. Discussions
There are currently two types of models available for
explaining species occupancy across scales. One is the occu-
pancy–abundance relationship (e.g. Gaston et al., 2006; Hanski
and Gyllenberg, 1997; He and Gaston, 2003; Nachman, 1981;
Wright, 1991) and is grounded in the ubiquitous positive
intraspecific correlation between abundance and range size
(Gaston and Blackburn, 2000). Because species abundance should
not be a function of the spatial scale, this relationship actually
provides a framework of the scaling pattern of species occupancy.
The result here showed that Poisson model, the simplest
occupancy–abundance relationship (Wright, 1991), is a special
case (randomness) of current model, suggesting that the model
here is consistent with those models based on the occupancy–
abundance relationship. The other type of model is based on the
scaling pattern of occupancy (Hartley and Kunin, 2003; Hui et al.,
2006, 2009; Kunin, 1998), describing how adjacent occupied cells
merge with increasing grain. The Bayesian model presented here
is a generalized model of the scaling pattern of occupancy (Hui
et al., 2006). Therefore, random distribution described by current
model can be served as a bridge between these two types of
models.
Empirical occupancy data are commonly logistically related to
the log-transformed grain (Gatrell et al., 1996; He and Gaston,
2000; Hui and McGeoch, 2007b; Perry, 1995; Fig. 5). This logistical
shape (or ‘‘S’’ shape) describes a rapid phase transition from a
highly fragmented distribution to a highly connected one when
scaling up, and reflects the percolation process of the scalingpattern of species distribution (He and Hubbell, 2003; Hui and
McGeoch, 2007b; Plotkin et al., 2002). Percolation process is a
mathematical description of the random spread of fluid through a
medium (Sahimi, 1994; Smythe and Wierman, 1978), and has
been shown overwhelming in the processes of pattern formation
in spatial ecology (Tilman et al., 1997). With an increase in grain,
adjacent occupied cells merge as a cluster, which is analogous to
the continuum and band percolation (Plotkin et al., 2002),
whereas with a decrease in grain, the percolation process is
essentially similar to the construction of a random Cantor set
(a fractal percolation; Mandelbrot, 1983). The model here
complies with the percolation process in understanding species
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Fig. 5. An example of the scaling patterns of species occupancy (pþðaÞA and
pþðaÞB), autocorrelation (local densities qþ=þðaÞA and qþ=þðaÞB) and species
association (joint occupancy PA\BðaÞ).
C. Hui / Journal of Theoretical Biology 261 (2009) 481–487486spatial patterns. Furthermore, another commonly observed scal-
ing pattern of occupancy is a log–log linear relationship between
grain and species occupancy, known as the area-of-occupancy
(Gaston and Fuller, 2009; Hartley and Kunin, 2003; Kunin, 1998),
which reflects the fractal nature of species distribution. Even
though the current model does not infer a strict log–log linear
scaling pattern of occupancy, a log–log transformation can indeed
largely linearize the model prediction. This suggests that the log–
log linear relationship might not be the full-scale scaling pattern
of occupancy. Other studies indeed show that the fractal nature of
species distribution breaks down at small scales (Hui and
McGeoch, 2007c).
The scale-dependence of species aggregation and spatial
autocorrelation has been well recognized (Dungan et al., 2002).
This scale-dependent pattern of aggregation is part of a well-
known modifiable areal unit problem (MAUP; Openshaw, 1984),
describing the variation in the patterns of species distributions as
a result of ‘‘modifiable’’ sampling scales (Dungan et al., 2002;
Jelinski and Wu, 1996). Following Fotheringham’s (1989) call of
shifting focus from seeking scale-invariant measure to quantifying
rates of change in species distributional measures (see also
Wiegand and Moloney, 2004), the model presented here revealed
the rate of change in species local density (join-count statistics)
across scales. First, the scales of the lowest local density in general
correspond with the inflection scales of the occupancy (i.e. where
the rate of change of occupancy is highest) (Fig. 5; see also He and
Hubbell, 2003; Hui et al., 2006). This is because, at the same scale,
species with a lower local density is more widespread than
species with a similar occupancy but a higher local density. As a
result, the species with a lower local density will have a higher
occupancy when scaling up. That is, species’ range size (measured
by occupancy) becomes highly scale-dependent when the spatial
autocorrelation is weak. Second, the scales of the lowest local
density can be depicted by the threshold of percolation (dashed
line in Fig. 3). Specifically, the occupied cells of species with low
occupancy but high local density first are quickly clustered
together when scaling up, causing a decline of local density due
to the exhaustion of neighbouring occupied cells. The occupancy
then climbs up when the clusters start forming super clusters, and
therefore a threshold of the minimum local densities is formed
(dashed line in Fig. 3). Moreover, the intensity of species
non-randomness ðqþ=þ=pþÞ approaches one (randomness)
when scaling up. It implies that this pattern variance (spatialautocorrelation), which results from intraspecific interactions, is
often distance-limited (Dieckmann et al., 2000), and therefore
becomes difficult to detect at large scales.
Species association is an important concept for understanding
patterns in ecological communities (e.g., co-occurrence and
nestedness; Bell, 2005; Gotelli and Graves, 1996; Ulrich and
Gotelli, 2007). It also further helps to identify the interspecific
interactions (e.g. competition or facilitation) behind community
patterns other than formed by chance alone (Bell, 2005; Connor
and Simberloff, 1979; Diamond, 1975; Sfenthourakis et al., 2005).
Results here suggested that broad-scale samples could be difficult
to identify community patterns caused mainly by distance-
limited interspecific interactions. Heard and Buchanan (1998)
indeed found that although no evidence for interactions among
nipple gall-makers on different leaves, significant interactions can
be detected at a smaller spatial scale. The effect of spatial scales
on two- and multi-species interactions and assembly patterns
warrants further investigations.
In conclusion, the intensity of species spatial correlation and
association declines with the increase of grain, i.e. from fine
(small) to coarse (large) scales, even though the category of
species distribution (aggregated or segregated) and association
(positive or negative) remains the same. Random distribution and
species independence are scale-free patterns. When scaling up,
species distributions become random, and species associations
between two species become independent even though they have
an increasing joint occupancy. By describing spatial patterns in
terms of occupancy, first-order spatial autocorrelation, and
species association, the Bayesian model can grasp the statistical
essence of species scaling patterns and thus represents a step
towards a general scaling model for species distributional
structure and assembly in ecological communities.Acknowledgements
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